Background: Despite the advances in early detection and treatment methods, breast cancer still has a high mortality rate, even in those patients predicted to have a good prognosis. The purpose of this study is to identify a microRNA signature that could better predict prognosis in breast cancer and add new insights to the current classification criteria.
Introduction
Breast cancer is one of the most common malignancies among women, and despite the discovery of early detection methods and effective treatment therapies, it is still the second leading cause of cancer-related death in females. 1 Breast cancer is a group of molecularly distinct neoplasms classified into four main subgroups based on their expression of estrogen receptor (ER), 2 progesterone receptor (PR), and human epidermal growth factor receptor 2 (Her2). These subgroups require different treatment therapies and experience different clinical outcomes. However, even within the subgroups, there are different subsets of genetic and epigenetic abnormalities leading to different patient prognoses; 3 thus, more research is needed to understand the mechanisms related to the prognosis within different breast cancer subgroups.
They are involved in the post-transcriptional regulation of gene expression via base pairing with target mRNAs (usually in the 3′ untranslated region), causing degradation and translation repression of mRNAs. 6 MicroRNAs are now widely regarded as the most powerful regulators of gene expression in complex cellular processes including cancer cell proliferation, metastasis, migration, and apoptosis. 7 Of particular importance is the association with cancer cell proliferation and metastasis, as these are two hallmarks of malignancy and the leading causes of cancer-related death. 5 In addition, many studies have shed light on tumor-targeting therapies using microRNAs as novel diagnostic and therapeutic tools. 8, 9 The Cancer Genome Atlas (TCGA) project provides researchers with a set of comprehensive tools that can be used to analyze clinical and genetic signatures of a variety of cancers including breast carcinoma. In this study, we retrieved breast carcinoma data from TCGA to construct a three-microRNA signature that can be used to predict the prognosis of breast cancer, and we verified the signature using both statistical and experimental methods.
Materials and methods

Tcga breast invasive carcinoma data set
The clinical information and expression levels from 1,158 microRNAs of 1,098 patients with breast as the primary cancer site were downloaded from TCGA (https://cancergenome. nih.gov/) on May 4, 2017. Patients were screened by the following criteria for inclusion: 1) the patients were female; 2) the patients had no preoperative treatment; 3) the patients' sample types were primary tumor; 4) the patients had fully characterized microRNA profiles; and 5) the percentage of necrosis in samples was ,40% on both the top and bottom slides. Patients who were alive but missing the date of last contact were excluded. A total of 253 breast invasive carcinoma patients were identified for further study according to the selection criteria. The total set was randomly separated into a training set (153 patients) and a validation set (100 patients).
construction and validation of the integrated microrna signature
The microRNA signature was constructed in the training set. A total of 1,158 microRNA expression levels were presented as reads per million (RPM) microRNA mapped data. Any microRNA expression level reads where microRNAs equaled 0 RPM in .40% observations were excluded. After transformation into binary variables according to the median expression level, univariate Cox models were generated for preliminary screening of microRNAs that were significantly correlated with overall survival (OS). A cut-off P-value of ,0.05 was used to filter out significant parameters. Clinical characteristics that were previously reported to be associated with prognosis, including age at diagnosis, N stage, T stage, metastasis, ER, PR, and Her2, were also similarly evaluated in the univariate Cox models. We then generated general multivariate stepwise Cox regression models to determine which of the significant microRNA identified by univariate proportional hazards regression was an independent predictor of prognosis. OS time was calculated from the date of the initial pathological diagnosis to the date of death.
The permutation test was used to evaluate the performance and randomness of the final multivariate model. Using the combination of patient OS time and vital status as a label, each patient was assigned a label and risk score under the microRNA scoring system. A random system was constructed by assigning labels while the risk score was kept consistent within each individual. The random system was tested for significance in predicting survival. If the model performed well, the random system was not a predictor of prognosis, and the area under the curve (AUC) of the receiver operating characteristics (ROC) curve would approach 0.5. We generated 1,000 random systems. A cut-off P-value of ,0.05 was used to indicate a significant association between AUCs of the random system and the label system. We would conclude that the label system had no effect on outcome unless the calculated P-value was smaller than 0.05. A validation set containing 100 patients was used to test the prognostic value of the microRNA signature. These analyses were performed using R software (version 3.3.2, https://www.r-project.org/).
Bioinformatics analysis
Targetscan7.1 (http://www.targetscan.org/vert_71/), DIANAmicroT, 10 miRWalk, 11 miRanda (http://www.microrna. org/microrna/home.do), PicTar (http://www.pictar.org/), and miRDB 12 were used to identify the target genes of three microRNAs. To increase accuracy, only target genes predicted by a minimum of three programs were retained for further analysis. Lists of target genes were submitted to DAVID Bioinformatics Resources 6.8 (https://david.ncifcrf.gov/) submit your manuscript | www.dovepress.com
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shi et al to annotate the biological functions of the candidate microRNAs. Subsequently, Gene Ontology (GO) function, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis, 13 and PANTHER™ Version 11 analyses were conducted. Pathways with fold enrichment .1.5 and P,0.05 were considered to be of interest. 14 
cell lines and culturing method
After evaluating qRT-PCR (data not shown) for the expression of the three microRNAs together with our statistical analysis results, we ultimately chose the cell line MDA-MB-231 to continue further study. MDA-MB-231 was obtained from the American Type Culture Collection (Manassas, VA, USA), cultured according to the instructions, and used within 6 months after recovery from liquid nitrogen.
Transfection, cell proliferation assay, and flow cytometry Cells were plated in six-well plates, transfected with microRNA mimic, microRNA inhibitor, and their corresponding negative controls using Lipofectamine™ 3000 Transfection Reagent (Thermo Fisher Scientific, Waltham, MA, USA) following established protocols (transfection efficiency was at least 60% as confirmed by qRT-PCR; data not shown). All microRNA oligonucleotides were synthesized by RiboBio (Guangzhou, China) and quantification was performed with a stem-loop real-time PCR microRNA kit (RiboBio, Guangzhou, China). Transfected MDA-MB-231 was seeded at a density of 5×10 3 cells per well into 96-well plates and incubated at 37°C for 72 hours. Cell viability was assessed using the Cell-Counting Kit-8 (CCK-8) assay (Dojindo, Kumamoto, Japan); absorbance values were determined at 450 nm using a microplate spectrophotometer. Flow cytometry was performed using propidium iodide (PI) staining solution (Chinese Academy of Sciences, Shanghai, China) and Annexin V: fluorescein isothiocyanate (FITC) Apoptosis Detection Kit I (BD Bioscience) following the instructions provided.
statistical analyses
Apart from the above methods, other statistical analyses were performed using IBM SPSS Statistics version 22.0 (IBM Corp., Armonk, NY, USA). Survival analysis was conducted using the Kaplan-Meier method with the log-rank test. Means ± SDs of continuous variables were calculated from at least three independent experiments. Student's t-test was used to compare groups and Pearson's chi-squared test to assess the correlation between variables. All statistical tests were two-sided and a P-value ,0.05 was considered statistically significant.
Results
construction of microrna prognostic signature
Six microRNAs were identified as prognostic markers after univariate Cox model screening (Table 1) . Three microRNAs (hsa-mir-31, hsa-mir-16-2, and hsa-mir-484) were identified to be independently correlated with patient prognosis in multivariate Cox regression (Table 2) ; higher expression of hsa-mir-484 indicated worse prognosis, while higher expression of hsa-mir-31 and hsa-mir-16-2 indicated improved prognosis. The β-coefficients (microRNA weight on OS) and status of every selected microRNA were used to calculate the risk score, as follows: risk score = (0.494 * Status of hsa-mir-484) -(0.786 * Status of hsa-mir-16-2) -(0.620 * Status of hsa-mir-31). The patients were assigned to the high-risk group if their risk score was greater than the median; otherwise, they were assigned to the low-risk group.
Performance of microrna signature
The Kaplan-Meier and ROC analyses were applied to test the performance of the three-microRNA signature in the training set. The patients in the high-risk group had significantly worse OS than those in the low-risk group (P,0.0001) ( Figure 1A ). The AUC of the signature was 0.683 ( Figure 1B) . These results confirmed that the threemicroRNA signature was powerful enough to divide breast cancer patients into high-risk and low-risk groups. 
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shi et al Figure 1 (A) Kaplan-Meier analysis of OS in the training set: OS rates between the high-risk group and low-risk group showed statistically significant differences using the log-rank test (P,0.0001); (B) rOc curve of the training set. (C) The permutation test found that the AUC of the random system showed great significance with high-risk and low-risk groups (P=1.95e-05); (D) rOc curves of the validation set, aUc =0.709. (E) Kaplan-Meier analysis of Os in the test set: Os rates between the high-risk group and low-risk group showed statistically significant differences using the log-rank test (P,0.0001). all of these results suggest that our three-microrna signature can be used as a better diagnostic marker to distinguish breast cancer patients into high-risk and low-risk groups. Abbreviations: aUc, area under the curve; Os, overall survival; rOc, receiver operating characteristics.
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shi et al Figure 2 (A) Kaplan-Meier analysis of Os in the total set; (B) the rOc curve of the total set aUc was 0.69. Abbreviations: aUc, area under the curve; Os, overall survival; rOc, receiver operating characteristics.
Next, we conducted a permutation test and leaveone-out cross-validation (LOO-CV) to test whether the three-microRNA signature was applicable to other breast cancer patients in the test set. 15 The permutation test found that the AUC of the random system showed great significance with high-risk and low-risk groups (P=1.95E-05) ( Figure 1C ). In addition, the LOO-CV AUC was 0.709 ( Figure 1D ) and the Kaplan-Meier curve indicated that the high-risk patients had significantly worse OS (P,0.0001) ( Figure 1E ), which together validated the performance of the three-microRNA signature.
subgroup analysis
After the construction and validation of the three-microRNA signature, we constructed Kaplan-Meier and ROC curves of OS in the total set ( Figure 2 ). We then divided these patients into different subgroups according to their clinicopathological features to assess the performance of the three-microRNA signature in different groups.
First, the patients were separated into three groups based on their age at diagnosis (#45 years, 46-65 years, and .65 years). In the #45-year-old group, the AUC of the signature was 0.715 with a Kaplan-Meier curve P-value ,0.0001 ( Figure 3A and D) . However, in the 46-65-year-old and .65-year-old groups, the AUCs were 0.57 and 0.561, respectively, and the Kaplan-Meier curve P-values were 0.0798 and 0.422, respectively ( Figure 3B , C, E, and F).
Next, we grouped the patients based on their molecular subtype. For basal-like carcinoma patients, the AUC and P-value were 0.755 and 0.003, respectively ( Figure 4A and B) . For luminal carcinoma patients, the AUC and P-value were 0.688 and ,0.0001, respectively ( Figure 4C and D) . However, in the Her2-enriched subgroup, the AUC and P-value were 0.545 and 0.5532, respectively ( Figure 4E and F) .
Finally, we analyzed the relationship between tumor stage and the microRNA signature. In the American Joint Committee on Cancer (AJCC) stage I and II group, the AUC and P-value were 0.724 and ,0.0001, respectively ( Figure 5A and B) ; in the stage III and IV group, the AUC and P-value were 0.673 and ,0.013, respectively ( Figure 5C and D). There was no significant difference between these two groups.
clinical and pathological features and microrna signature
The clinical characteristics that were utilized to fit the univariate Cox model are shown in Table 3 . In our study, age at diagnosis, ER status, PR status, Her2 status, and T stage were not associated with prognosis. N stage and metastasis had significant prognostic value, with P-values of 0.000 and 0.000, respectively. After adjustment for N stage and metastasis, hsa-mir-31, hsa-mir-16-2, and hsa-mir-484 were all still independent prognostic factors ( Table 4) .
The correlation between patient clinicopathological characteristics and the microRNA signature is presented in Kaplan-Meier analysis of Os in the #45-year age group: OS rates between the high-risk group and low-risk group showed statistically significant differences using the log-rank test (P,0.0001); (B) the rOc curve aUc was 0.715. (C) Kaplan-Meier analysis of Os in the 46-65-year age group: Os rates between the high-risk group and low-risk group showed no significant differences (P=0.0798); (D) the rOc curve aUc was 0.57. (E) Kaplan-Meier analysis of Os in the .65-year age group: Os rates between the high-risk group and low-risk group showed no significant differences (P=0.561); (F) the rOc curve aUc was 0.422. This signature performs better in younger patients (#45 years) than older patients (.65 years). Abbreviations: aUc, area under the curve; Os, overall survival; rOc, receiver operating characteristics.
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shi et al Figure 4 (A) Kaplan-Meier analysis of OS in the basal-like carcinoma group: OS rates between the high-risk group and low-risk group showed statistically significant differences using the log-rank test (P=0.003); (B) the rOc curve aUc was 0.755. (C) Kaplan-Meier analysis of Os in the luminal carcinoma group: Os rates between the high-risk group and low-risk group showed statistically significant differences using the log-rank test (P,0.0001); (D) the rOc curve aUc was 0.688. (E, F) Kaplan-Meier analysis of OS in the Her2-enriched subgroup showed no significant differences between the high-risk group and low-risk group; the AUC and P-value were 0.545 and 0.5532, respectively. This signature showed better performance in basal-like and luminal patients than in her2-enriched patients. Abbreviations: aUc, area under the curve; Os, overall survival; rOc, receiver operating characteristics.
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shi et al Figure 5 (A) Kaplan-Meier analysis of OS in stage I and II groups: OS rates between the high-risk group and low-risk group showed statistically significant differences (P,0.0001); (B) the rOc curve aUc was 0.724. (C) Kaplan-Meier analysis of Os in stage iii and iV groups: Os rates between the high-risk group and low-risk group showed statistically significant differences (P=0.0013); (D) the rOc curve aUc was 0.673. The performance of the signature was not associated with the aJcc stage of the patients. Abbreviations: aJcc, american Joint committee on cancer; aUc, area under the curve; Os, overall survival; rOc, receiver operating characteristics. inhibitor (high-risk group), and a final group was transfected with control sequences (negative control group). Cell cycle flow cytometry showed that the cell counts of S and G2/M phase were increased in both high-risk and low-risk groups compared to the negative control group (Figure 6A-D) . The CCK-8 assay showed that cell viability of the highrisk group was significantly increased compared to the control group, while the viability of the low-risk group was decreased ( Figure 6E ). We then used an apoptosis assay to confirm whether cell apoptosis was increased in the experimental groups. Our results revealed that the apoptosis rate was 11.07% in the high-risk group ( Figure 6F ) and 30.49% in low-risk group ( Figure 6G ), while it was 12.01% in the control group ( Figure 6H ).
Discussion
Accumulating evidence has shown that microRNA deregulation plays a pivotal role in multiple cellular and biological processes, including cell proliferation and cell apoptosis, [16] [17] [18] [19] and targets a variety of pathways as oncogenes or tumor suppressors. Recently, microRNA-based anticancer therapies have been explored, either alone or in combination with other therapies. 20, 21 However, only a few articles have constructed a microRNA scoring system to predict the outcome of breast carcinoma. 22, 23 Here, we built a three-microRNA signature (hsa-mir-31, hsa-mir-484, and hsa-mir-16-2) that proved powerful enough to be an independent prognostic factor after rounds of statistical analysis.
According to our analysis, all three microRNAs target many cancer-related pathways, including the MAPK signaling pathway, 24 Hippo signaling pathway, 25 EGF receptor signaling pathway, 26 and Wnt signaling pathway; 27 some of these have been confirmed by previous studies. 28 To be specific, hsa-mir-484 was found to be associated with poor prognosis in patients receiving gemcitabine treatment for breast cancer or sunitinib treatment for metastatic renal cell carcinoma and in ovarian cancer patients demonstrating chemosensitivity. [28] [29] [30] In addition, we found that circulating hsa-mir-484 is significantly differentially expressed, with decreased expression in the tumor tissue and increased expression in plasma compared to healthy volunteers. The microRNA hsa-mir-16-2 plays a tumor suppressor role by inducing cell cycle arrest, DNA damage repair, and apoptosis. [33] [34] [35] Of the three microRNAs, hsa-mir-31 is the most studied. Previous studies show that hsa-mir-31 is a major contributor to breast cancer progression and metastasis by regulating metastasis-related genes, including RhoA, Radexin, 36 WAVE3, 37 RDX, SATB2, 38, 39 FOXP3, 40 GNA13, 41 and several integrin subunits, 42 all involved in key steps in the invasion-metastasis cascade. In addition, hsa-mir-31 expression level is high in early-stage breast cancer tissues, diminishes as the tumor progresses to more advanced stages, and is even sometimes undetectable in metastatic tumors. 36, 37 Loss of hsa-mir-31 expression is accompanied by increased expression of its target genes, allowing the tumor to become more invasive and ultimately metastasize. 37 In summary, these three microRNAs are involved in chemoresistance, cell cycle arrest, and metastasis, and therefore, they can theoretically predict the prognosis of breast cancer.
Of note, our analysis indicates that our prognostic signature performed especially well in young patients (age #45 years) with basal-like breast carcinoma. To our knowledge, Abbreviations: als, amyotrophic lateral sclerosis; aMPK, aMP-activated protein kinase; caM, cell adhesion molecule; ccKr, cholecystokinin receptor; cgMP-PKg, cyclic guanosine monophosphate-dependent protein kinase G; ECM, extracellular matrix; EGF, epidermal growth factor; FAS, fatty acid synthase; FGF, fibroblast growth factor; hTlV-i, human T-cell lymphotropic virus i; Jak-sTaT, janus kinase-sTaT; Kegg, Kyoto encyclopedia of genes and genomes; MaPK, mitogen-activated protein kinase; PPar, peroxisome-proliferator-activated receptor; VegF, vascular endothelial growth factor.
triple-negative breast cancer is characterized by the lack of hormone receptors (ER and PR) and HER2 expression, a common basal-like subtype, and a high propensity for distant site metastases. 43 Furthermore, effective targeted therapies beyond chemotherapy and radiotherapy are absent for triplenegative breast cancer, leading to poor clinical outcomes and a high mortality rate. 44, 45 These features make our signature even more valuable. We propose that high-risk patients, as determined by the calculations derived from our model, should be treated more aggressively and have a shorter follow-up interval.
Moreover, our experimental results also verified our signature. In the low-risk group, cell proliferative ability was inhibited, and S and G2/M phase cell counts were significantly increased, indicating that the cell cycle was arrested at the G2/M phase. In the high-risk group, cell proliferative 
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shi et al Figure 6 (A-D) Flow cytometry analysis of the cell cycle revealed that low-risk group cells were arrested at s and g2/M phase, while the cell cycle was activated in the high-risk group compared to the control group. (E) The cell viability of the high-risk group was significantly increased compared to the control group, while the viability of the low-risk group was decreased. (F-H) Flow cytometry analysis of apoptosis revealed that the apoptosis rate was 11.07% in the high-risk group, 30.49% in the low-risk group, and 12.01% in the control group. Abbreviations: CCK-8, Cell-Counting Kit-8; FITC, fluorescein isothiocyanate; PI, propidium iodide. 
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shi et al ability was significantly increased combined with low cell counts in S and G2/M phase, indicating that the cells were proliferating rapidly. We also conducted an apoptosis assay in which the cell apoptosis rate was significantly increased in the low-risk group compared to the control group. Meanwhile, there was no significant difference between the high-risk group and the control group. This was not consistent with our prediction, and we propose that perhaps this signature could not significantly affect the apoptosis of breast cancer cells. Combined together, these results suggest that our signature was associated with the viability and cell cycle of breast cancer cells.
Limitations
We must acknowledge some limitations of our study. Since we excluded patients with insufficient data for analysis (such as RNA sequencing data, histological data, and follow-up data), there could be an influence of selection bias on our final results. Despite this, our microRNA signature demonstrated performance stability. As it is well accepted that microRNAs can be secreted and/or released to the local microenvironment and into the circulation, 46 it may be possible to use blood or tissue samples to detect the expression level of these three microRNAs as a reference to guide the treatment of breast cancer patients.
Conclusion
We recommend more aggressive therapy and appropriate shorter follow-up intervals for patients in the high-risk group.
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